Aalborg Universitet
AALBORG UNIVERSITY

DENMARK

Spectral analysis of heart sounds associated with coronary artery disease

Larsen, Bjarke Skogstad; Winther, Simon; Nissen, Louise; Diederichsen, Axel; Battcher,
Morten; Struijk, Johannes Jan; Christensen, Mads Graesbgll; Schmidt, Samuel E

Published in:
Physiological Measurement

DOl (link to publication from Publisher):
10.1088/1361-6579/ac2fb7

Creative Commons License
CCBY 3.0

Publication date:
2021

Document Version
Publisher's PDF, also known as Version of record

Link to publication from Aalborg University

Citation for published version (APA):

Larsen, B. S., Winther, S., Nissen, L., Diederichsen, A., Bgttcher, M., Struijk, J. J., Christensen, M. G., &
Schmidt, S. E. (2021). Spectral analysis of heart sounds associated with coronary artery disease. Physiological
Measurement, 42(10), [105013]. https://doi.org/10.1088/1361-6579/ac2fb7

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

- Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
- You may not further distribute the material or use it for any profit-making activity or commercial gain
- You may freely distribute the URL identifying the publication in the public portal -

Take down policy
If you believe that this document breaches copyright please contact us at vbn@aub.aau.dk providing details, and we will remove access to
the work immediately and investigate your claim.

Downloaded from vbn.aau.dk on: November 19, 2022


https://doi.org/10.1088/1361-6579/ac2fb7
https://vbn.aau.dk/en/publications/db119e2b-961c-46a3-b78e-03e9297ac754
https://doi.org/10.1088/1361-6579/ac2fb7

Physiological Measurement l PE M

Institute of Physics and
Engineering in Medicine

PAPER » OPEN ACCESS You may also like

- Detection of coronary artery disease using

Spectral analysis of heart sounds associated with mult-modal feature fusion and hybid

feature selection

Coronary artery disease Huan Zhang, Xinpei Wang, Changchun

Liu et al.

- Performance of an open-source heart
sound segmentation algorithm on eight
independent databases
Chengyu Liu, David Springer and Gari D
Clifford

To cite this article: Bjarke Skogstad Larsen et al 2021 Physiol. Meas. 42 105013

- Combining sparse coding and time-domain
features for heart sound classification

Bradley M Whitaker, Pradyumna B
Suresha, Chengyu Liu et al.

View the article online for updates and enhancements.

IPEM 10P

Series in Physics and Engineering in Medicine and Biology

Start exploring the collection—download the
first chapter of every title for free.

This content was downloaded from IP address 130.225.247.94 on 04/01/2022 at 10:44


https://doi.org/10.1088/1361-6579/ac2fb7
https://iopscience.iop.org/article/10.1088/1361-6579/abc323
https://iopscience.iop.org/article/10.1088/1361-6579/abc323
https://iopscience.iop.org/article/10.1088/1361-6579/abc323
https://iopscience.iop.org/article/10.1088/1361-6579/aa6e9f
https://iopscience.iop.org/article/10.1088/1361-6579/aa6e9f
https://iopscience.iop.org/article/10.1088/1361-6579/aa6e9f
https://iopscience.iop.org/article/10.1088/1361-6579/aa7623
https://iopscience.iop.org/article/10.1088/1361-6579/aa7623
https://googleads.g.doubleclick.net/pcs/click?xai=AKAOjsuAM5MR-25VQSQhY_b-KXjaueAdfYU9ozNtZZvN7roEbNfqR10aNaJsu9mOnMszynNgP1Jp1pUhZOt-MXRVjz5qzCavc8PsEjpAAS7iK5Ob2MvDo4pTX4fX0umelKpLSigKSlGzPxk5SZhzRD9SD-7Al0FWyUdktDsEFRGIYbe8gigrKbsNtZrvGUrZ91CLkCgD729Rubbxv2Tf0psjnK0mmrYnWuDUl6MYtH2DLbhXuq-6MCpWJKPvrYWdhb-o0l-Ks6WLuG3d5UDcRgxfCXQVoNr8TNKJsuE&sig=Cg0ArKJSzMTpDDXHZwtR&fbs_aeid=[gw_fbsaeid]&adurl=https://iopscience.iop.org/bookListInfo/physics-engineering-medicine-biology-series%23series

10P Publishing

® CrossMark

OPENACCESS

RECEIVED
20 July 2021

REVISED
25 September 2021

ACCEPTED FOR PUBLICATION
14 October 2021

PUBLISHED
26 November 2021

Original content from this
work may be used under
the terms of the Creative
Commons Attribution 4.0
licence.

Any further distribution of
this work must maintain
attribution to the
author(s) and the title of
the work, journal citation
and DOL

Physiol. Meas. 42 (2021) 105013 https://doi.org/10.1088/1361-6579/ac2tb7

Physiological Measurement - IPEM feariess

PAPER

Spectral analysis of heart sounds associated with coronary artery
disease

Bjarke Skogstad Larsen' © , Simon Winther’ ®, Louise Nissen”®, Axel Diederichsen’ ®, Morten Bottcher* ®,
Johannes Jan Struijk' @, Mads Graesbell Christensen’® and Samuel Emil Schmidt'

1

Department of Health Science and Technology, Aalborg University, Aalborg, Denmark
> Department of Cardiology, Hospital Unit West, Herning, Denmark

* Department of Cardiology, Odense University Hospital, Odense, Denmark

* Department of Architecture, Design and Media Technology, Aalborg University, Aalborg, Denmark
E-mail: bjarke.skogstad@acarix.com

Keywords: coronary artery disease, Fourier transforms, heart sounds, phonocardiography, spectrogram, spectral analysis

Abstract

Objective. The aim of this study was to find spectral differences of diagnostic interest in heart sound
recordings of patients with coronary artery disease (CAD) and healthy subjects. Approach. Heart
sound recordings from three studies were pooled, and patients with clear diagnostic outcomes
(positive: CAD and negative: Non-CAD) were selected for further analysis. Recordings from 1146
patients (191 CAD and 955 Non-CAD) were analyzed for spectral differences between the two groups
using Welch’s spectral density estimate. Frequency spectra were estimated for systole and diastole
segments, and time-frequency spectra were estimated for first (S1) and second (S2) heart sound
segments. An ANCOVA model with terms for diagnosis, age, gender, and body mass index was used to
evaluate statistical significance of the diagnosis term for each time-frequency component. Main
results. Diastole and systole segments of CAD patients showed increased energy at frequencies

20-120 Hz; furthermore, this difference was statistically significant for the diastole. CAD patients
showed decreased energy for the mid-S1 and mid-S2 segments and conversely increased energy before
and after the valve sounds. Both S1 and S2 segments showed regions of statistically significant
difference in the time-frequency spectra. Significance. Results from analysis of the diastole support
findings of increased low-frequency energy from previous studies. Time-frequency components of S1
and S2 sounds showed that these two segments likely contain heretofore untapped information for
risk assessment of CAD using phonocardiography; this should be considered in future works. Further
development of features that build on these findings could lead to improved acoustic detection

of CAD.

1. Introduction

Coronary artery disease (CAD) has been declining as a percentagewise cause of death in developed regions such
as EU and USA. Nonetheless, it has been a growing cause of death globally and remains the primary cause of
death worldwide. Approximately 9.4 million people died from CAD in 2016, accounting for 16.8% of all deaths
(World Health Organization 2018).

CAD has been decreasing as a cause of death in developed countries, but the number of patients referred for
further investigations remain high. Moreover, the prevalence of CAD among these referred patients is only at
6%—12% (Douglas et al 2015, Therming et al 2018, Winther et al 2018). This means that many Non-CAD
patients are exposed to risks associated with unnecessary and sometimes invasive testing that burdens the health
care system with additional costs.

Through analysis of heart sounds, phonocardiography (PCG) provides the possibility to do improved pre-
test likelihood estimation of CAD (a concept proposed by the ESC guidelines) using a fast, cheap, and non-
invasive method. Coupled with clinical parameters such as age, gender, and blood pressure, this method has

©2021 The Author(s). Published on behalf of Institute of Physics and Engineering in Medicine by IOP Publishing Ltd
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shown to be effective for preliminary investigation of patients suspected of having CAD through ruling out Non-
CAD patients from further testing (Makaryus et al 2013, Azimpour et al 2016, Winther et al 2018, Schmidt et al
2019, Winther et al 2021).

Heart sounds have previously been investigated for spectral differences in attempts to detect CAD using
phonocardiography (Semmlow et al 1983, Akay et al 1990, 1993, Semmlow et al 1990, Gauthier et al 2007,
Schmidt etal 2007,2010, 2011, 2015, Semmlow and Rahalkar 2007, Dragomir et al 2016, Winther et al 2016).
Most studies have focused on analyzing the diastole and general findings have been that CAD causes an increase
in energy of some frequencies. However, there are varying reports regarding at which frequencies this increased
energy occurs. Semmlow et al reported in Semmlow et al (1983) an increase at 180-300 Hz and later in Semmlow
et al (1990) for frequencies above 300 Hz. This is in line with findings from Akay et alin (1990), (1993) of
increased energy at frequencies of 300-800 Hz. Gauthier et al reported increased energy for frequencies above
130 Hz in Gauthier et al (2007), which is more in line with the initial findings from in Semmlow et al (1983).
Successfully developed features based on frequencies above 240 Hz in Schmidt et al (2007). Later in Schmidt et al
(2010), (2015), they found that features extracted from the lower frequency band (25-250 Hz) performed better
in noisy conditions. More recently, in Winther et al (2016) and in Schmidt et al (2011) found the primary
increase of energy occurring in the frequency range below 200 Hz, whereas reported this increase in energy for
frequencies above 150 Hz (Dragomir et al 2016).

Whatever the reported frequencies, this increased energy of the diastole heart sound is typically explained as
weak murmurs resulting from turbulent blood flow following the occlusion of coronary arteries, and simulated
turbulence models (Jin-Zhao et al 1990) showing similar effects support this explanation.

Whereas previous studies show that some level of success for diagnosing CAD can be achieved through
analysis of diastole heart sounds, other parts of the heart sound have not seen the same level of investigation. The
focus on the diastole has existed, as Semmlow and Rahalkar puts it in Semmlow and Rahalkar (2007), because ‘it
is during this quiet period, that coronary blood flow is maximal, so that acoustic signature associated with
turbulent blood flow is likely to be loudest’.

Left ventricular coronary blood flow is phasic, with high blood flow during diastole, and low (or even
reverse) blood flow during systole. However, evidence suggests that this may not be the case for the right
ventricular coronary blood flow, which could increase during systole rather than diminish (Goodwill et al 2017).
Furthermore, showed in de Waard et al (2019) how stenosis of the LAD can affect the diastole and systole blood
flow velocities. This suggests that there might be valuable information gained in analysis of heart sounds from
the systole segment of the heartbeat in addition to the diastole for detection of stenotic murmurs.

M Mansour et al showed in Mansour et al (2020) correlation between coronary artery calcium (CAC) score
and diastole dysfunction (DD). This relationship may indicate that CAD patients have different relaxation
patterns and valve-sounds. If this is the case, there might be differences in the first (S1) and second (52) heart
sounds that could be used for detection of CAD with S1 resulting from the closing of the mitral and tricuspid
valves, and S2 resulting from the closing of the aortic and pulmonic valves. Other studies (Pathak et al 2020, Liu
etal 2021) showed an increased performance by including the entire PCG recording instead of only the diastole
segment, or by using simultaneous recordings at multiple sites on the chest. This suggests that there might be
spectral differences in the PCG of CAD patients other than what can be observed in the diastole.

We hypothesize that there are spectral differences in heart sound recordings from patients with CAD and
patients without CAD, and we will investigate this hypothesis for the four previously mentioned segments of the
heart sound: S1, S2, systole and diastole. With a large database available, it is possible to investigate absolute
spectral differences in heart sounds between CAD and Non-CAD patients. A typical approach for spectral
analysis of heart sounds is to normalize the spectra to either a sub-frequency band of the spectrum or the total
power in order to lower the influence of large inter-subject variation. However, this normalization can make it
more difficult to determine exactly which frequencies are affected.

The investigation might reveal further unexploited components of the heart sound that can be used for
improvement of algorithms for risk stratification of CAD.

2.Methods

2.1.Data
Data from three studies AdoptCAD (Winther et al 2016) (Clinical Trials.gov number NCT01564628); Dan-
NICAD (Nissen et al 2016, Winther et al 2018) (Clinical Trials.gov number NCT02264717); and BIO-CAC
(Diederichsen et al 2017, Gronhgj et al 2018) (Clinical Trials.gov number NCT02913144) were pooled into one
dataset as shown in table 1.

AdoptCAD and Dan-NICAD were approved by the Regional Committees on Health Research Ethics for
Central Denmark, and BIO-CAC was approved by the Regional Committees on Health Research Ethics for
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Table 1. Composition of pooled dataset. The dataset consists of pooled data from three studies: AdoptCAD, Dan-NICAD, and BIO-CAC.
The composition of gender is fairly even, but the number of CAD subjects is low relative to the number of Non-CAD subjects. This is due to
the low prevalence of CAD in the patient group. The number for original subjects is the number that were included in the source dataset
before any exclusions. Statistics for number of CAD, Non-CAD, Gender, and Age are for patients included in the analysis. The category
unclassified was not included in further analysis but is included in the table for completion.

Subjects Diagnosis Gender Age
Study Original Excluded Included CAD Non-CAD Unclassified Female Male Mean SD
AdoptCAD 255 144 111 53 58 82 49 62 59.8 12.0
Dan-NICAD 1675 862 813 137 676 592 458 355 55.0 8.7
BIO-CAC 661 439 222 1 221 264 147 75 58.9 4.9
Total 2591 1445 1146 191 955 938 654 492 56.2 8.7

Southern Denmark. All studies were conducted according to the Helsinki Declaration, and written informed
consent was obtained from all patients.

The procedure for recording heart sounds was the same for all studies. First, subjects rested in supine
position for 5 min prior to recording. Following this resting period, subjects continued to be in supine position
while heart sounds were recorded using an Acarix CADScor device at the fourth intercostal space during 4
breath-hold periods of 8 seconds each.

Only subjects where at least one heart sound recording was available were included in the dataset. If multiple
heart sound recordings were available, the first was selected. Subjects were excluded if their heart sound
recordings failed pre-analysis qualification of the Acarix CADScor heart sound processing framework. In total,
453 subjects were excluded because either no recording was available or because the recording did not pass pre-
analysis qualification.

Patients were classified into one of three diagnostic categories: CAD, Non-CAD, and Unclassified. Patients
with a coronary angiographic identified stenosis with at least 50% diameter reduction were classified as CAD.
Patients with a CAC score of 0 and no coronary artery stenosis discovered through coronary computed
tomography angiography were classified as Non-CAD. The remaining patients, who could not be classified into
either of the two categories, were classified as Unclassified. Only patients with a clear diagnostic outcome of
either CAD or Non-CAD were included for further analysis, which meant the exclusion of an additional 938
patients who were Unclassified.

Finally, heartbeats where annotation of S1 failed were discarded, and subjects with fewer than 5 remaining
annotated heartbeats were excluded from further analysis, resulting in the exclusion of 62 subjects (19 CAD and
43 Non-CAD).

2.2. Preprocessing

An adaptive filter was used to reduce background noise using a simultaneous recording of room noise. Breath-
hold periods of phonocardiograms were segmented into single heartbeats using a duration dependent hidden
Markov model (HMM) developed by in Schmidt et al (2010), and heart sounds (S1 (onset and offset), S2 (onset
and offset), S3, and S4) were annotated automatically by the HMM.

A fourth order Butterworth band-pass filter with cutoff frequencies of 5 and 1000 Hz was applied to
heartbeat signals. This was followed by a whitening filter designed to reduce the influence of spectral leakage and
to emphasize the diastole differences between CAD and Non-CAD heart sounds as described in Larsen et al
(2019). Finally, a second order Butterworth high-pass filter with a cutoff frequency of 20 Hz was applied.

2.3.Heartbeat alignment and heart sound segments
Before spectral analysis, heartbeats for the same subject were aligned to the onset of S1 and S2 respectively as
shown in figure 1. Analyses of S1 and systole segments were performed with heartbeats aligned to onset of S1,
and analyses of S2 and diastole segments were performed with heartbeats aligned to onset of S2.

The four heart sound segments analyzed in this article and shown in figure 1 were defined as described in
table 2.

2.4. Frequency spectrum analysis

Four segments were investigated for spectral differences related to CAD: S1, S2, systole, and diastole segments as
shown in figure 1. For all analyses, the frequency spectra were estimated using Welch’s power spectral density
(PSD) estimate with the function pwelch in MATLAB’s Signal Processing Toolbox. Hamming windows were
used in conjunction with pwelch with lengths as described in table 2.

3



I0OP Publishing Physiol. Meas. 42 (2021) 105013 BSLarsen etal

(a) S1 ALIGNED ANALYSES

ISystole ! I I ! —

_ [~ w

=3 (=3 (=3

=4 = =i =i
/ \

wn

&

Pressure (mPa)

R
S o
S 3

@
=3
=}

-200 0 200 400 600 800 1000
Time (ms)

(b) S2 ALIGNED ANALYSES

300 ' ' ' Iy oo ' 4

=
=
o O

Pressure (mPa)

R R
S S o
S & 3

-600 -400 -200 0 200 400 600 800
Time (ms)

Figure 1. Multiple heartbeats from a heart sound recording of the same subjects aligned to the onset of (a) S1 and (b) S2. Analyses of S1
and systole segments were performed with alignment to S1 (a), whereas analyses of S2 and diastole segments were performed with
alignment to S2 (b). The motivation for two different alignments can be seen in the difference of the S1 and S2 segments for the two
alignments (a) and (b). (Recording: AC003-3005_001).

Table 2. Overview of the settings for the spectral analyses. Heartbeats for the same subject were segmented and aligned to the onset of either
S1 or S2. For systole and diastole segments, a single PSD was calculated for each of the two segments. For S1 and S2 segments, several
subsegments were defined, and PSDs were calculated for each subsegment. A Hamming window was applied when estimating the PSDs with
sizes as listed in the table. The square root of the PSD was used for evaluating the statistical significance of the frequency and time-frequency
components.

Segment  Alignment Window  Analysis and segment definition

Systole S1 onset 64 ms Single segment from 16 ms after the offset of S1 to 16 ms before the onset of S2.

Diastole S2 onset 128ms  Single segment from 175 ms to 450 ms after the onset of S2. If S3 or $4 sounds were annotated within
this period, the segment was reduced to avoid the influence of S3 and S4.

S1 S1 onset 64 ms The S1 segment was divided into 13 sub-segments, each of 64 ms length, with centers at [—64, —48,

—32,-16,0,16, 32,48, 64, 80,96, 112, 128] ms in relation to the onset of S1. The frequency
spectrum was calculated for each of these segments.

S2 S2 onset 64 ms The S2 segment was divided into 9 sub-segments, each of 64 ms length, with centers at [—48, —32,
—16,0, 16, 32,48, 64, 80] ms in relation to the onset of S2. The frequency spectrum was calculated
for each of these segments.

A single average frequency spectrum was estimated for systole segments, whereas S1 and S2 segments were
investigated using time-frequency analysis with several smaller subsegments for each segment as noted in table 2.
The reason for this is that the S1 and S2 segments are highly dynamic.

The logarithm of the PSD was used for comparison of frequency spectra of CAD and Non-CAD subjects, and
the spectrum difference between CAD and Non-CAD patients was calculated by subtracting the average
spectrum of Non-CAD patients from the average spectrum of CAD patients.

2.5. Statistical analysis

A four-way ANCOVA was used to investigate statistical significance of observed average differences in the
frequency and time-frequency spectra. To minimize the influence of demographic differences between the two
groups (CAD and Non-CAD), independent variables for gender, age, and body mass index (BMI) were included
in the model. Previous work (Larsen et al 2017) have shown some correlation between these parameters (in
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particular BMI) and the amplitude of S1 and S2. The model included the following independent variables: CAD
Diagnosis (binary), Male Gender (binary), Age (continuous), and BMI (continuous).
The linear regression model is written as follows:

AV, PSD = ﬂo —+ ,BchD —+ ﬁzMale —+ Bg,Age + ﬂ4BMI (1)

To investigate the statistical significance of frequency spectrum components in distinguishing between CAD
and Non-CAD patients, the p-value of the Diagnosis-part of the model was evaluated. Each component of the
frequency and time-frequency domains were evaluated separately using MATLAB’s anovan function.
Components with p-values for 3, (diagnostic category) below 0.05 were considered statistically significant.

Lastly, the single-feature performance of each frequency and time-frequency component for classification of
CAD and Non-CAD patients was evaluated for each of the four segments. For quantifying classification
potential, the area under the curve (AUC) of a receiver operating characteristics curve was evaluated for each
frequency and time-frequency component for each segment using MATLAB’s perfcurve function. The results of
these analyses were then collected in a plot for each segment showing the performance for each component as it
related to that segment. A two-sided 95% confidence interval is included in the plots and were calculated using
the method described by Hanley and McNeil in JA and B] (1982).

3. Results

Heart sound recordings from a total of 1146 subjects were successfully analyzed (191 CAD and 955 Non-CAD).
Frequency plots were obtained for systole and diastole segments, and time-frequency plots were obtained for S1
and S2 segments. Frequency plots for systole and diastole included reporting of spectra with modeled statistical
significance, whereas separate plots for modeled statistical significance were made for S1 and S2. Results for each
segment also include a plot of the mean power difference between CAD and Non-CAD patients, as well as a plot
showing the classification AUC performance of each frequency and time-frequency component.

This section contains the results from the four segments analyzed in this paper: systole, diastole, S1, and S2.

3.1. Analysis of systole
Analysis of systole segments of the heart sounds produced the three plots figures 2(a)—(c).

There are significant differences of the average energies between CAD and Non-CAD patients at frequencies
15-200 Hz with a 95% confidence interval and peak difference at frequencies 30-125 Hz of roughly 2 dB.
However, when accounting for age, gender, and BMI, the model only shows one of the tested frequencies (93.75
Hz) to be of statistical significance (p < 0.05).

Evaluation of the classification performance of the frequency components resulted in a plot which looks
similar to the mean power difference. The performance was significantly different from random (50% AUC)
performance between 15 and 200 Hz with a peak performance of 62.5% AUC for the frequency component
47 Hz.

3.2. Analysis of diastole
Analysis of diastole segments of the heart sounds produced the two plots figures 2(d)—(f).

There are significant differences of the average energies between CAD and Non-CAD patients at frequencies
0-500 Hz with a 95% confidence interval and a peak difference at frequencies 45120 Hz of roughly 3 dB. When
accounting for age, gender, and BMI, the model shows statistical significance (p < 0.05) for frequencies
40-95Hz.

As was the case for the systole, evaluation of the classification performance of the frequency components for
the diastole resulted in a plot which looks similar to the mean power difference. The performance was
significantly different from random (50% AUC) performance for frequencies 0-500 Hz with a peak
performance of 65% AUC at frequencies 47-63 Hz.

3.3. Analysis of S1
Analysis of S1 heart sounds produced the four plots shown in figure 3.

In figure 3(a), CAD subjects show on average higher energy of all frequencies before and after S1 and
especially at lower frequencies immediately before the S1 sound with a positive difference at frequencies 20—-160
Hz of 2-3 dB (CAD subjects have higher energy). The same frequency range can be seen after the S1 sound with a
positive difference of 1-2 dB. The positive difference before S1 seems to be skewed towards higher frequencies
when approaching the S1 sound. Whereas there is a positive difference before and after the S1 sound, thereisa
negative difference mid-S1 and in particular at frequencies 400-700 Hz where there is a negative difference of
1-2dB.
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Figure 2. Results from the systole and diastole analyses: average whitening filtered frequency spectra of (a) systole and (d) diastole for
CAD and Non-CAD subjects. Difference between the average CAD and Non-CAD frequency spectra of the (b) systole and (e) diastole
segments including indication of which frequencies are statistically significant according to the model. AUC performance of each
frequency component of the (c) systole and (f) diastole segments in classifying CAD and Non-CAD patients.

As seen in figure 3(c), mainly frequencies above 400 Hz immediately before S1 show statistical significance.
There seems to be a gradient where lower frequencies (near 400 Hz) have significance immediately before the S1
heart sound. As the SI sound progresses, increasingly higher frequencies have statistical significance. Mid-S1
and post-S1 areas did not show any components with modeled statistical significance.

The AUC performance plot (figure 3(d)) looks similar to the mean power difference plot. The best
performing areas do not overlap with areas that are of modeled statistical significance (figure 3(c)). Whereas the
peak AUC are at around 63% AUC at low frequencies prior to the onset of S2 and 42% (inverse 58%) AUC at
mid frequencies mid-S2, the performance of the areas showing statistical significance when accounting for age,
sex, and symptoms, is only around 55% AUC.

3.4. Analysis of S2
Analysis of S2 heart sounds produced the four plots shown in figure 4.

In figure 4(a), CAD subjects show on average higher energy of all frequencies before and after S2, as well as
frequencies around 30 Hz during S2. Frequencies 20—200 Hz before S2 have a positive difference of 2-3 dB, and
frequencies 40-400 Hz after S2 have a positive difference of 1-2 dB. Mid-S2 has a negative difference, which is
most pronounced for frequencies 300-600 Hz (2-3.5 dB).

As seen in figure 3(c), there are two areas of note when evaluating the statistical significance of S2 time-
frequency components: the positive difference area prior to S2 at 50-90 Hz and the negative difference area
early-S2 at 300-500 Hz. The smaller positive difference area mid-S2 ataround 30 Hz also shows statistical
significance, however with less significant p-values.

As was the case for S1, the AUC performance plot (figure 4(d)) for S2 looks similar to the mean power
difference plot. However, in the case of S2 there is an overlap of areas of peak performance (figure 4(d)) and
modeled statistically significance (figure 4(c)). The low frequency pre-S2 peak performance is at around 65%
AUGC, and the early-S2 mid-frequency peak performance is at around 37% (inverse 63%) AUC. The low-
frequency area mid-S2 which also showed modeled statistical significance (although at a higher p-value) had an
AUC performance of around 57%.
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Figure 3. Results from the S1 analysis. (a) Progression of the average frequency spectrum for the S1 heart sound of CAD and Non-
CAD subjects. Average energies for CAD and Non-CAD subjects have different progressions during the S1 heart sound. Whereas CAD
subjects generally have greater energy before and after the S1 sound, they have alower average energy during the S1 sound. (b)
Difference of the average S1 time-frequency spectra between CAD and Non-CAD subjects. Positive differences mean that CAD
subjects have higher energy on average and negative differences mean that Non-CAD subjects have higher energy on average. (c)
Modeled statistical significance (p-value) of S1 time-frequency components. (d) AUC performance of S1 time-frequency components
in classifying CAD and Non-CAD patients.

4, Discussion

Results from analysis of the diastolic segment associated an increase of absolute energy for low-frequency
components (<200 Hz) with the presence of CAD, supporting similar findings in previous articles (Schmidt et al
2010, 2011,2015, Winther et al 2016). However, this study did not find any significant difference in energy for
higher frequencies, which contrasts the findings of other studies (Akay et al 1990, 1993, Semmlow et al 1990,
Schmidt et al 2007). One explanation could be that previous studies—for the most part—have examined relative
energy, whereas the current study examined absolute energy.

Analysis of the systole yielded similar average differences of the frequency spectra as the diastole, however
with roughly 1 dB lower difference of low-frequency components. Furthermore, only a single tested frequency
showed modeled statistical significance in the same range as the diastole. Likewise, the single-component
performance for the systole showed the same trend as for the diastole but with the diastole having superior
performance at all frequencies. This indicates that the systole does not provide additional information to
diagnosing CAD beyond what is contained in the diastole segment. This finding supports the argument stated
among others by in Semmlow et al (1983), that coronary sounds are likely be loudest during diastole, as the
contraction of the myocardium exerts pressure on the coronary arteries and attenuates any sounds associated
with coronary narrowing. The confidence interval for the average energy was larger than that of the diastole, and
this uncertainty may have been caused by the influence of S1 or S2 sounds in some heart beats. If this is the case,
reducing systole segment length by increasing the buffer after S1 and before S2 could help alleviate this problem.
However, this could mean that several subjects would not be included in this analysis due to the systole segment
becoming too short. Furthermore, efforts to improving the annotation of the end of S1 could enhance the results
of the systole frequency spectrum and reduce the confidence interval. Finally, it is possible to include the systole
segment in the time-frequency analyses of S1 and S2 by expanding the segments after S1 and before S2.

Analyses of the S1 and S2 segments provided a novel comparison of spectral differences in these heart sounds
of CAD and Non-CAD patients and yielded several new findings. S1 and S2 difference plots of the time-
frequency spectra have similarities: both have positive differences before and after the valve sounds, which are
pronounced for lower frequencies and negative differences during the valve sounds. The progression of the valve
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Figure 4. Results from the S2 analysis. (a) Progression of the average frequency spectrum for the S2 heart sound of CAD and Non-
CAD subjects. Average energies for CAD and Non-CAD subjects have different progressions during the S2 heart sound. Whereas CAD
subjects generally have greater energy before and after the S2 sound, they have a lower average energy during the S1 sound. (b)
Difference of the average S2 time-frequency spectra between CAD and Non-CAD subjects. Positive differences mean that CAD
subjects have higher energy on average and negative differences mean that Non-CAD subjects have higher energy on average. (c)
Modeled statistical significance (p-value) of the components of the S2 time-frequency spectrum. (d) AUC performance of S2 time-
frequency components in classifying CAD and Non-CAD patients.

sounds for CAD subjects are on average ‘more flat’, meaning they progress slower and are of lower amplitude for
CAD than Non-CAD subjects. However, whereas the negative difference mid-valve sound showed statistical
significance for S2, this was not the case for S1. Likewise, the single component AUC performance of the mid-
valve sound was better for S2 than for S1. It is possible that the alignment of the S1 sounds is not as precise as the
alignment of S2, and that improved annotation of S1 will change the findings for the S1 segment. The
physiological explanation for the significance of the S2 sound could be that the relaxation pattern for CAD
patients is different than for Non-CAD patients.

Similar to the findings of the systole and diastole segments, the S1 and S2 segments showed positive
differences for frequencies below 200 Hz before and after the valve sounds. However, only a small area before S2
showed modeled statistical significance.

Results from analysis of S1 showed a large positive difference area before S1 for frequencies above 400 Hz.
Although this difference is significant and could possibly contribute to new features for diagnosing CAD, the
cause of this difference remains unexplained.

5. Conclusion and future work

Findings in this study show that additional information for improved pre-test likelihood estimation of CAD can
likely be gained through analysis the S1 and S2 heart sounds. Future work will involve development of features
for classification of CAD based on results presented in this article.

Acknowledgments

We would like to thank Acarix A/S for providing access to heart sound recordings used in this study.




10P Publishing

Physiol. Meas. 42 (2021) 105013 BSLarsen etal

Conflict of interest

Bjarke Skogstad Larsen is an industrial PhD student at Aalborg University and Acarix A/S and is also a minor
shareholder in Acarix A/S. Samuel Emil Schmidt is a minor shareholder in Acarix A/S and works at this
company as a part-time consultant.

ORCIDiDs

Bjarke Skogstad Larsen @ https://orcid.org/0000-0002-7528-0276
Simon Winther © https:/orcid.org/0000-0001-8872-3681

Louise Nissen @ https://orcid.org/0000-0001-5885-9537

Axel Diederichsen @ https:/orcid.org/0000-0002-1285-4826
Morten Bottcher © https:/orcid.org/0000-0002-2116-2370

Johannes Jan Struijk ® https: /orcid.org/0000-0002-8713-1913

Mads Greesbgll Christensen ® https: /orcid.org/0000-0003-3586-7969
Samuel Emil Schmidt @ https: /orcid.org/0000-0002-0917-634X

References

Akay M, Semmlow J L, Welkowitz W, Bauer M D and Kostis J B 1990 Detection of coronary occlusions using autoregressive modeling of
diastolic heart sounds IEEE Trans. Biomed. Eng. 37 36673

AkayY M, Akay M, Welkowitz W, Semmlow J L and Kostis ] B 1993 Noninvasive acoustical detection of coronary artery disease: a
comparative study of signal processing methods IEEE Trans. Biomed. Eng. 40 57178

Azimpour F, Caldwell E, Tawfik P, Duval S and Wilson R F 2016 Audible coronary artery stenosis Am. J. Med. 129 515-21

de Waard G A et al 2019 Diastolic-systolic velocity ratio to detect coronary stenoses under physiological resting conditions: a mechanistic
study Open Heart 6 €000968

Diederichsen S Z et al 2017 CT-detected growth of coronary artery calcification in asymptomatic middle-aged subjects and association with
15 biomarkers JACC: Cardiovascular Imaging 10 858—66

Douglas P S etal 2015 Outcomes of anatomical versus functional testing for coronary artery disease New Engl. J. Med. 372 1291-300

Dragomir A et al 2016 Acoustic detection of coronary occlusions before and after stent placement using an electronic stethoscope Entropy 18

Gauthier D er al 2007 Spectral analysis of heart sounds associated with coronary occlusions 2007 6th Int. Special Topic Conf. on Information
Technology Applications in Biomedicine pp 49—52

Goodwill A G, Dick G M, Kiel AM and Tune J D 2017 Regulation of coronary blood flow Comprehensive Physiology 7 321-82

Gronhoj M H et al 2018 External validity of a cardiovascular screening including a coronary artery calcium examination in middle-aged
individuals from the general population Eur. J. Preventive Cardiol. 25 1156—66

J A Hanley and B ] McNeil 1982 The meaning and use of the area under a receiver operating characteristic (ROC) curve Radiology 143 29-36

Jin-Zhao W, Bing T, Welkowitz W, Semmlow J L and Kostis ] B 1990 Modeling sound generation in stenosed coronary arteries IEEE Trans.
Biomed. Eng. (https://doi.org/10.1109/10.61034)

Larsen B S etal 2019 Autoregressive whitening filter for detection of coronary artery disease based on phonocardiography 2019 Computing in
Cardiology Conf. (CinC) 45

Larsen B S, Winther S, Bolttcher M, Nissen L, Struijk J and Schmidt S E 2017 Correlations of first and second heart sounds with age, sex, and
body mass index 2017 Computing in Cardiology 44 (Rennes, France, 2017-09) 1-4

LiuT et al 2021 Detection of coronary artery disease using multi-domain feature fusion of multi-channel heart sound signals Entropy 2021
vol 23, p 642

Makaryus A N et al 2013 Utility of an advanced digital electronic stethoscope in the diagnosis of coronary artery disease compared with
coronary computed tomographic angiography Am. J. Cardiol. 111 786-92

Mansour M J, Chammas E, Hamoui O, Honeine W and AlJaroudi W 2020 Association between left ventricular diastolic dysfunction and
subclinical coronary artery calcification Echocardiography 37 253—9

Nissen L et al 2016 Danish study of non-invasive testing in coronary artery disease (Dan-NICAD): study protocol for a randomised
controlled trial Trials 17 262-272

Pathak A, Samanta P, Mandana K and Saha G 2020 An improved method to detect coronary artery disease using phonocardiogram signals in
noisy environment Appl. Acoust. 164 107242

Schmidt S E et al 2019 Coronary artery disease risk reclassification by a new acoustic-based score Int. J. Cardiovascular Imaging 35 2019-2028

Schmidt S E, Hansen J, Zimmermann H, Hammershei D, Toft E and Struijk J ] 2011 Coronary artery disease and low frequency heart sound
signatures 2011 Computing in Cardiology pp 481—4 (http://iecexplore.ieee.org/document /6164607 /)

Schmidt S E, Holst-Hansen C, Graff C, Toft E and Struijk J ] 2007 Detection of coronary artery disease with an electronic stethoscope 2007
Computers in Cardiology pp 757—60

Schmidt S E, Holst-Hansen C, Graff C, Toft E and Struijk J ] 2010 Segmentation of heart sound recordings by a duration-dependent hidden
Markov model Physiol. Meas. 31 513-29

Schmidt S E, Holst-Hansen C, Hansen J, Toft E and Struijk J ] 2015 Acoustic features for the identification of coronary artery disease IEEE
Trans. Biomed. Eng. 622611-9

Schmidt S E, Toft E, Holst-Hansen C and Struijk J ] 2010 Noise and the detection of coronary artery disease with an electronic stethoscope
2010 5th Cairo Int. Biomedical Engineering Conf. pp 53—6

Semmlow J and Rahalkar K 2007 Acoustic detection of coronary artery disease Annu. Rev. Biomed. Eng. 9 449-69

Semmlow J, Welkowitz W, Kostis ] and Mackenzie ] W 1983 Coronary artery disease-correlates between diastolic auditory characteristics
and coronary artery stenoses IEEE Trans. Biomed. Eng. BME—30 136-9

Semmlow J L, Akay M and Welkowitz W 1990 Noninvasive detection of coronary artery disease using parametric spectral analysis methods
IEEE Eng. Med. Biol. Mag. 9 33-36



https://orcid.org/0000-0002-7528-0276
https://orcid.org/0000-0002-7528-0276
https://orcid.org/0000-0002-7528-0276
https://orcid.org/0000-0002-7528-0276
https://orcid.org/0000-0001-8872-3681
https://orcid.org/0000-0001-8872-3681
https://orcid.org/0000-0001-8872-3681
https://orcid.org/0000-0001-8872-3681
https://orcid.org/0000-0001-5885-9537
https://orcid.org/0000-0001-5885-9537
https://orcid.org/0000-0001-5885-9537
https://orcid.org/0000-0001-5885-9537
https://orcid.org/0000-0002-1285-4826
https://orcid.org/0000-0002-1285-4826
https://orcid.org/0000-0002-1285-4826
https://orcid.org/0000-0002-1285-4826
https://orcid.org/0000-0002-2116-2370
https://orcid.org/0000-0002-2116-2370
https://orcid.org/0000-0002-2116-2370
https://orcid.org/0000-0002-2116-2370
https://orcid.org/0000-0002-8713-1913
https://orcid.org/0000-0002-8713-1913
https://orcid.org/0000-0002-8713-1913
https://orcid.org/0000-0002-8713-1913
https://orcid.org/0000-0003-3586-7969
https://orcid.org/0000-0003-3586-7969
https://orcid.org/0000-0003-3586-7969
https://orcid.org/0000-0003-3586-7969
https://orcid.org/0000-0002-0917-634X
https://orcid.org/0000-0002-0917-634X
https://orcid.org/0000-0002-0917-634X
https://orcid.org/0000-0002-0917-634X
https://doi.org/10.1109/10.52343
https://doi.org/10.1109/10.52343
https://doi.org/10.1109/10.52343
https://doi.org/10.1109/10.237677
https://doi.org/10.1109/10.237677
https://doi.org/10.1109/10.237677
https://doi.org/10.1016/j.amjmed.2016.01.015
https://doi.org/10.1016/j.amjmed.2016.01.015
https://doi.org/10.1016/j.amjmed.2016.01.015
https://doi.org/10.1136/openhrt-2018-000968
https://doi.org/10.1016/j.jcmg.2017.05.010
https://doi.org/10.1016/j.jcmg.2017.05.010
https://doi.org/10.1016/j.jcmg.2017.05.010
https://doi.org/10.1056/NEJMoa1415516
https://doi.org/10.3390/e18080281
https://doi.org/10.1109/ITAB.2007.4407421
https://doi.org/10.1109/ITAB.2007.4407421
https://doi.org/10.1109/ITAB.2007.4407421
https://doi.org/10.1002/cphy.c160016
https://doi.org/10.1002/cphy.c160016
https://doi.org/10.1002/cphy.c160016
https://doi.org/10.1177/2047487318774850
https://doi.org/10.1177/2047487318774850
https://doi.org/10.1177/2047487318774850
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1109/10.61034
https://doi.org/10.22489/CinC.2017.141-408
https://doi.org/10.22489/CinC.2017.141-408
https://doi.org/10.22489/CinC.2017.141-408
https://doi.org/10.3390/E23060642
https://doi.org/10.1016/j.amjcard.2012.11.039
https://doi.org/10.1016/j.amjcard.2012.11.039
https://doi.org/10.1016/j.amjcard.2012.11.039
https://doi.org/10.1111/echo.14580
https://doi.org/10.1111/echo.14580
https://doi.org/10.1111/echo.14580
https://doi.org/10.1186/s13063-016-1388-z
https://doi.org/10.1016/j.apacoust.2020.107242
https://doi.org/10.1007/s10554-019-01662-1
http://ieeexplore.ieee.org/document/6164607/
https://doi.org/10.1109/CIC.2007.4745596
https://doi.org/10.1109/CIC.2007.4745596
https://doi.org/10.1109/CIC.2007.4745596
https://doi.org/10.1088/0967-3334/31/4/004
https://doi.org/10.1088/0967-3334/31/4/004
https://doi.org/10.1088/0967-3334/31/4/004
https://doi.org/10.1109/TBME.2015.2432129
https://doi.org/10.1109/TBME.2015.2432129
https://doi.org/10.1109/TBME.2015.2432129
https://doi.org/10.1109/CIBEC.2010.5716077
https://doi.org/10.1109/CIBEC.2010.5716077
https://doi.org/10.1109/CIBEC.2010.5716077
https://doi.org/10.1146/annurev.bioeng.9.060906.151840
https://doi.org/10.1146/annurev.bioeng.9.060906.151840
https://doi.org/10.1146/annurev.bioeng.9.060906.151840
https://doi.org/10.1109/TBME.1983.325211
https://doi.org/10.1109/TBME.1983.325211
https://doi.org/10.1109/TBME.1983.325211
https://doi.org/10.1109/51.62901

10P Publishing

Physiol. Meas. 42 (2021) 105013 BSLarsen etal

Therming C eral 2018 Low diagnostic yield of non-invasive testing in patients with suspected coronary artery disease: results from a large
unselected hospital-based sample Eur. Heart J. 4 301-308

Winther S et al 2016 Diagnosing coronary artery disease by sound analysis from coronary stenosis induced turbulent blood flow: diagnostic
performance in patients with stable angina pectoris Int. J. Cardiovascular Imaging 32 235—45

Winther S er al 2018 Diagnostic performance of an acoustic-based system for coronary artery disease risk stratification Heart 104 928-35

Winther S et al 2021 Advanced heart sound analysis as a new prognostic marker in stable coronary artery disease Eur. Heart J. —Digital
Health2279-289

World Health Organization 2018 Global health estimates 2016 : deaths by cause, age, sex, by country and by region, 2000-2016 World Health
Organization (https://www.who.int/healthinfo/global_burden_disease/GHE2016_Deaths_WBInc_2000_2016.xls)

10


https://doi.org/10.1093/ehjqcco/qcx048
https://doi.org/10.1093/ehjqcco/qcx048
https://doi.org/10.1093/ehjqcco/qcx048
https://doi.org/10.1007/s10554-015-0753-4
https://doi.org/10.1007/s10554-015-0753-4
https://doi.org/10.1007/s10554-015-0753-4
https://doi.org/10.1136/heartjnl-2017-311944
https://doi.org/10.1136/heartjnl-2017-311944
https://doi.org/10.1136/heartjnl-2017-311944
https://doi.org/10.1093/ehjdh/ztab031
https://doi.org/10.1093/ehjdh/ztab031
https://doi.org/10.1093/ehjdh/ztab031
https://www.who.int/healthinfo/global_burden_disease/GHE2016_Deaths_WBInc_2000_2016.xls

	1. Introduction
	2. Methods
	2.1. Data
	2.2. Preprocessing
	2.3. Heartbeat alignment and heart sound segments
	2.4. Frequency spectrum analysis
	2.5. Statistical analysis

	3. Results
	3.1. Analysis of systole
	3.2. Analysis of diastole
	3.3. Analysis of S1
	3.4. Analysis of S2

	4. Discussion
	5. Conclusion and future work
	Acknowledgments
	Conflict of interest
	References



